This study examined the effects of climatic conditions on dairy farm productivity using panel data for the state of Wisconsin along with alternative stochastic frontier models. A noteworthy feature of this analysis is that Wisconsin is a major dairy-producing area where winters are typically very cold and snowy and summers are hot and humid. Thus, it is an ideal geographical region for examining the effects of a range of climatic factors on dairy production. We identified the effects of temperature and precipitation, both jointly and separately, on milk output. The analysis showed that increasing temperature in summer or in autumn is harmful for dairy production, whereas warmer winters and warmer springs are beneficial. In contrast, more precipitation had a consistent adverse effect on dairy productivity. Overall, the analysis showed that over the past 17 yr, changes in climatic conditions have had a negative effect on Wisconsin dairy farms. Alternative scenarios predict that climate change would lead to a 5 to 11% reduction in dairy production per year between 2020 and 2039 after controlling for other factors.
INTRODUCTION
There is increasing concern about the effect of climate change on food security and agricultural sustainability among policy makers and public interest groups. The US Environmental Protection Agency (US EPA, 2013) reports that global surface air temperature over land and oceans has risen steadily over the last 100 yr, and extreme weather events have become routine. Climatic factors, such as temperature and rainfall, have a strong effect on agricultural output (IPCC, 2014) , which induces adaptation strategies that can lead to structural changes in farming (Mendelsohn et al., 1994) .
Farming, which contributes at least $395 billion to the US economy per year (USDA NASS, 2012) , is more sensitive and vulnerable to climate change than other sectors (IPCC, 2014) . Livestock production is particularly vulnerable to hot weather, especially in combination with high humidity, which can lead to significant losses in productivity and, in extreme cases, to animal death (Mader, 2003) . Besides direct effects on animals, climatic conditions also affect feed supplies by influencing the growth of silage and forage (Hill et al., 2004) . Comprehensive analyses of the connection between climatic effects and farm productivity are of increasing importance.
The focus of our paper is dairy farming, which is the fourth largest agricultural subsector in the United States. There is a significant body of animal and dairy science literature, briefly reviewed below, that clearly establishes the susceptibility of dairy cows to extreme weather conditions (IPCC, 2014) . The economic literature on this subject remains quite limited; hence, an important motivation for this research is the need to introduce climatic effects into milk production models to evaluate potential economic effects.
In general, research on the connection between climatic variables and livestock has focused on outputrelated effects. Dairy cattle experience stress when the temperature is out of the thermo-neutral zone (West, 2003; Allen et al., 2013) . When heat or cold stress requires the cow to increase the amount of energy used to maintain body temperature, less energy is available for milk production (Collier et al., 2011) . The thermoneutral zone is between 5 and 25°C and depends on many factors, such as age, breed, feed intake, diet, current milk production level, and housing (Roenfeldt, 1998) . Under the same housing conditions, the comfort zone of European cattle was found to be between −1.11 and 15.6°C, whereas for Indian cattle this zone was found to be between 10 and 26.7°C. Temperatures outside of the thermo-neutral zone have adverse effects on livestock productivity (Brody, 1956; Kadzere et al., 2002; Nardone et al., 2010) .
Heat stress, which is much more likely to occur in lactating cows during hot and humid summer days, is not only related to temperature but also to air humidity, and it affects the capacity of the cow to dissipate heat. Heat stress affects feed intake, feed efficiency, milk yield, reproductive efficiency, cow behavior, and disease incidence (Cook et al., 2007; Tucker et al., 2007; Rhoads et al., 2009) . It is estimated that the DMI decreases by up to 40% when the ambient temperature is 40°C (NRC, 2001) .
Cold stress is another climatic element that reduces output in some areas. At low temperatures, more dietary energy is needed for cows to maintain body temperature. Cold stress causes animals to consume more feed but to produce less milk, and it also increases milk fat content (Young, 1981) . In comparison to heat stress, cold stress is more restricted geographically and can have a significant incidence in the northern United States during winter months.
Climatic conditions have a strong effect on livestock productivity generally and on the dairy sector in particular. A significant negative correlation has been noted between DMI and the temperature-humidity index (THI), where the latter is a measure of heat stress often used by animal scientists (Holter et al., 1996; Kadzere et al., 2002) . Consequently, a negative correlation exists between THI and milk yield. For example, Key and Sneeringer (2014) and Mukherjee et al. (2013) incorporated annual average THI in production frontier models and found a significant negative effect on milk production. St-Pierre et al. (2003) documented that heat stress affects livestock in all continental US states, although with considerable spatial variation. They estimated that total losses would add up to about $900 million/yr ($100/cow per year) even when heat abatement systems were in place. The loss would be as high as $1.5 billion/yr ($167/cow per year) without abatement systems. Seo and Mendelsohn (2008) showed that changing livestock species and numbers is one option that farmers have to adapt to climate change.
Dairy production is influenced by temperature and precipitation, and these variables can have divergent effects in different seasons. The literature reveals a variety of methods to measure and incorporate climatic effects in crop and livestock farming (e.g., Mendelsohn et al., 1994; Kelly et al., 2005; Schlenker et al., 2006; Deschenes and Greenstone, 2007; Mukherjee, 2012) . These studies usually use temperature, precipitation, and, in some cases, heat degree-days to reflect climatic effects on agricultural production.
Our analysis adopts seasonal averages for temperature and precipitation to capture the climatic effects. Using temperature and precipitation directly, instead of an index such as THI, allows for a clear interpretation of the climatic effects on the dependent variable of interest. In addition, we redefined the length of each season according to the monthly average temperature in the state of Wisconsin.
Wisconsin is one of the largest dairy producing areas in the United States. According to the National Agricultural Statistics Service (http://quickstats.nass.usda. gov/), total milk production in Wisconsin was 27,572 million pounds in 2013, accounting for nearly 14% of the US total milk output. In the same year, the total number of milk cows was 1.271 million.
The general objective of our study was to contribute to the understanding of the effects of climatic variables on dairy farm productivity. The specific objectives were to use alternative stochastic frontier panel data models to analyze the relationship between dairy productivity and climatic effects using data for the state of Wisconsin. The specification of our model makes it possible to calculate a total annual climatic effect as well as partial effects for temperature and precipitation and jointly for all seasons. This specification is a novel contribution to the dairy productivity literature. Based on the estimation results, this study predicts the effects of alternative future climate change scenarios on dairy farms. A noteworthy feature of the current paper is that Wisconsin is a significant dairy producing state in the United States, where winters can be very cold and snowy and summers hot and humid. These extremes are ideal to explore the effects of a range of climatic factors on dairy production.
MATERIALS AND METHODS

Data
The data used for empirical estimation was derived from 2 sources. First, the input-output data contains a total of 9,437 observations for 958 dairy farms scattered around 52 Wisconsin counties over the 17-yr period from 1996 to 2012. These data consist of detailed information of dairy farms participating in the Agricultural Financial Advisor (AgFA; http://cdp.wisc.edu/agfa. htm) program at the University of Wisconsin-Madison Center for Dairy Profitability (https://cdp.wisc.edu). The aim of the AgFA program is to collect, analyze, and store high-quality financial and production information for dairy farms in the state of Wisconsin (Cabrera et al., 2010) . Second, the temperature and precipitation data were obtained from the Parameter-Elevation Regressions on Independent Slopes Model (PRISM) maps (http://www.prism.oregonstate.edu/recent/). We used Geographic Information System (GIS) techniques to generate monthly mean temperature and precipitation for each county and year. The 2 data sets (input-output and climate) were merged based on county and year identifiers. Thus, in our analysis, all farms within a county shared the same climatic data.
The data for expected future climatic conditions for our simulations was generated by the National Center for Atmospheric Research (NCAR) GIS program for the fourth Assessment Report of the Intergovernmental Panel on Climate Change (IPCC). The NCAR data set includes monthly temperature and precipitation projections over the period from 2000 to 2099 for 4 IPCC scenarios (https://gisclimatechange.ucar.edu/). This study focuses on 2 of the scenarios over the nearterm projection period, namely years 2020 to 2039. One is the commitment (CMT) scenario, which assumes that the concentration of pollutants in the atmosphere is held at 2000 levels. This scenario denotes moderate climate change. The second is the high A2 (HA2) scenario, which assumes that the world undergoes high population growth, moderate gross domestic product growth, high energy use, medium-high land use changes, low resource availability (mainly oil and gas), and slow technological change. Based on these emission scenarios, NCAR combines integrated assessment models, carbon-cycle models, general circulation models, and earth system models, to calculate precipitation and surface temperature for each scenario.
According to monthly mean temperatures (Table 1) , our study redefined the seasons in Wisconsin as follows: summer = June through September; autumn = October and November; winter = December, January, February, and March; and spring = April and May. Based on this definition, the average temperature in winter is around −4°C, and the average temperature in summer is around 19°C (Figure 1 ). Average precipitation in spring and summer is greater than in autumn and winter. The average monthly precipitation in spring (including April and May) was 14.5 cm in 2004, which was the highest recorded for all seasons and all years included in this study (Figure 2) . We compared our climatic data with the National Oceanic and Atmospheric Administration (NOAA) climatic records (http://www.ncdc.noaa. gov/cdo-web/), which are collected from land-based weather stations located in the 10 Wisconsin counties included. We found no significant differences between the values across these 2 data sets, except for a small difference in the average temperature in winter, which was slightly lower in the NOAA data set. For the nearterm period (2020-2039), the expected average seasonal temperature, especially in the summer, was higher than for the period from 1996 to 2012 ( Figure 3 ). Average temperature in winter was −4°C in the CMT scenario and −3°C in the HA2 scenario. Average temperature in summer was 21.06 and 22.07°C in the CMT and HA2 scenarios, respectively. In terms of precipitation, the average projection under the CMT scenario for the period from 2020 to 2039 was 6.63 cm in spring, 5.15 cm in summer, 5.04 cm in autumn, and 5.51 cm in winter. Under the HA2 scenario, the average precipitation was 6.08 cm in spring, 4.68 cm in summer, 4.65 cm in autumn, and 5.54 cm in winter ( Figure 4 ).
Considering that the structure of the panel was unbalanced, several options exist to configure the data, ranging from including all observations to a balanced panel. In the current study, we used the balanced panel conformed by 54 farms located across 10 counties, which gave a total of 918 observations over the 17-yr period (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) . Descriptive statistics for output, inputs, and climatic variables are presented in Table  2 . The total milk equivalent produced by the average farm in the data set was 1,222 t/yr. Milk equivalent units are equal to total farm income per year divided by the average annual US milk price for the time period in question. Total milk equivalent was used because all inputs in the data set correspond to the total amount used by the whole farm; thus, this approach makes it possible to have all variables in the model measured consistently. It is important to stress that the farms in our data set were highly specialized in milk production, where the overall average milk revenues as percent of total farm income is 82%. Table 2 shows average annual input use per farm at 98 cows, 6,320 h of labor, 610 t of concentrate feed, The climatic data are at the county level and are merged with the farm input-output data based on county and year identifiers. The values are aggregates for the 10 counties where the 54 farms are located. Thus, all farms within a county and a given year share the same climatic data. and $86,907 (2012 dollars) in crop expenses. We should note that, according to National Agricultural Statistics Service, between 1996 and 2012 the average number of milk cows in a Wisconsin dairy farm was 61, which is lower than the 98 cows in our data. This difference is likely due to the tendency of larger farms to enroll in programs such as AgFA.
Labor denotes the total hours of family paid and unpaid labor and management as well as hired workers. Concentrate feed is the total amount of 16% protein dairy ration purchased per year. Depreciation denotes the capital use per year, which includes depreciation on breeding livestock, machinery, equipment, and buildings. Animal expense includes the total expenditure of veterinary and medicine, breeding fees, and other livestock expenses. Crop expenses are composed of fertilizer and other chemical inputs, seeds and plants, gas and fuel, rented machinery, and other crop expenses. Given that we do not have data on hay, we used crop expenses to capture this input. In addition, including land as well as crop expenses can lead to collinearity problems. Consistent with many papers, such as Lawson et al. (2004) , Theodoridis and Psychoudakis (2008) , Cabrera et al. (2010) , and Moreira and Bravo-Ureta (2010), we found it more appropriate to include crop expenses in our model. Furthermore, we incorporated a time trend into the production frontier to reflect technological progress.
Empirical Model
Stochastic production frontiers (SPF) have been used widely for over 40 yr, and during this period many methodological innovations have been introduced (Fried et al., 2008) , including the ability to account for unobserved heterogeneity (Greene 2005a,b; Abdulai and Tietje, 2007) . Multiple authors have applied SPF to analyze productivity in dairy farming in a variety of settings (e.g., Battese and Coelli, 1988; Kumbhakar and Tsionas, 2006; Tauer and Mishra, 2006; Cabrera et al., 2010; Mayen et al., 2010; Moreira and Bravo-Ureta, 2010; Mukherjee et al., 2013; . The SPF models are common in economic analy- Figure 3 . Seasonal average temperature of commitment and high A2 scenarios. Seasons were defined as spring = April and May; summer = June through September; autumn = October and November; and winter = December, January, February, and March. Commitment scenario assumes that the concentration of pollutants in the atmosphere is held fixed at 2000 levels. High A2 scenario assumes that the world undergoes high population growth, medium gross domestic product growth, high energy use, medium-high land use changes, low resource availability (mainly oil and gas), and slow technological change. Data are derived from the National Center for Atmospheric Research (NCAR) GIS program (https://gisclimatechange.ucar.edu/). 8669 ses and researchers are now using them specifically to examine the relationship between climatic effects and productivity (Hughes et al., 2011; Dell et al., 2014; .
Here, we specify an SPF model to identify the effect of climatic conditions on output using a Cobb-Douglas functional form and alternative panel data formulations. According to Dell et al. (2014) , panel data models such as the ones used in our paper, can "exploit the exogeneity of cross-time weather variation allowing for causative identification." where Y it is output measured as milk equivalent for the ith farm in period t; X kit is the kth input; Z sit is the sth climatic variable; and T denotes the time trend. α, Figure 4 . Seasonal average precipitation of commitment and high A2 scenarios. Seasons were defined as spring = April and May; summer = June through September; autumn = October and November; and winter = December, January, February, and March. Commitment scenario assumes that the concentration of pollutants in the atmosphere is held fixed at 2000 levels. High A2 scenario assumes that the world undergoes high population growth, medium gross domestic product growth, high energy use, medium-high land use changes, low resource availability (mainly oil and gas), and slow technological change. The data are derived from National Center for Atmospheric Research (NCAR) GIS program (https://gisclimatechange.ucar.edu/). β, γ, and θ are parameters to be estimated. The component ν it has a symmetric normal distribution, and μ it follows a half-normal distribution. These 2 terms are assumed to be independent of each other. Thus, ν it denotes the variation from the frontier resulting from external events such as luck, and μ it captures technical inefficiency reflecting managerial ability. Technical efficiency (TE) was calculated as TE = exp(−μ it ) (Battese and Coelli, 1992) .
To examine the robustness of our analysis, we compared 5 alternative specifications of equation [1] (models 1 through 5 in the Appendix): model 1 = pooled frontier without climatic variables; model 2 = pooled frontier with climatic variables; model 3 = "true" fixed effects (TFE) specification with climatic variables; model 4 = "true" random effects (TRE) specification with climatic variables; and model 5 = "true" random effects model with Mundlak's specification (TRE-M) and climatic variables. Models 1 and 2 essentially treat the data as cross-sectional, whereas models 3 to 5 provide a panel data treatment. Moreover, the TFE and TRE models capture time invariant heterogeneity along with time-variant technical efficiency (Greene 2005a (Greene , 2005b ). The TFE model allows for correlation between the regressors and the heterogeneity term, but the TRE model assumes no correlation (Greene, 2005b) , which is a potential shortcoming that can be addressed by the TRE-M model (Abdulai and Tietje, 2007) . A battery of statistical tests was performed to determine the most robust model, which was then used to undertake a comprehensive efficiency and productivity analysis with emphasis on climatic effects.
According to Hughes et al. (2011) , the climatic effect index (CEI) measures the joint effect of all climatic variables included in the production frontier on output. A CEI value greater than 1 means that climatic conditions are favorable, whereas the opposite is true when the CEI value is less than 1. The total CEI for farm i at time t, based on equation [1] and the estimated parameter γ, can be written as Chemical, fertilizer, seeds and plants, gas and fuel, rented machinery, and other crop expense. 10 Average value of monthly mean temperature for each season; spring = April and May; summer = June through September; autumn = October and November; and winter = December, January, February, and March. 11 Average value of monthly precipitation for each season as just defined.
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CEI it
In addition, the total CEI it in equation [2] can be decomposed into 6 partial indexes: CEI for temperature (CEIT); CEI for precipitation (CEIP); CEI for spring (CEISPR); CEI for summer (CEISUM); CEI for autumn (CEIAUT); and CEI for winter (CEIWIN). Both CEIT and CEIP reflect the total effect of temperature and precipitation respectively, whereas CEISPR, CEISUM, CEIAUT, and CEIWIN denote seasonal indexes. These partial CEI terms can be expressed as follows: [4]
These 6 CEI terms provide a rich perspective for examining the climatic effects in dairy farming. We underscore that this analysis is a novel contribution of this paper to the dairy productivity literature. To examine the relationship between milk output and the climatic effects, we hold the conventional inputs and the time trend at their mean values i.e., , , and X T T 
Thus, equation [5] reflects output variation coming only from annual climatic variability CEIt and this equation is used to generate the results presented in Figure 5 . Scenario analyses has been previously used by several researchers to predict the effect of future climatic conditions on expected agricultural output (e.g., Fisher et al., 2012; Seo, 2012) . We applied this type of methodology to calculate expected change in dairy output with [6]
RESULTS AND DISCUSSION
The estimated results for models 1 through 5 are presented in Table 3 . The null hypothesis that all coefficients are zero was rejected for all models. Furthermore, the estimated coefficients of the 6 conventional inputs were all significant with the expected positive sign and values (i.e., between 0 and 1). In the CobbDouglas functional form, these coefficients denote partial input elasticities of production that measure the percent change in output with respect to a 1% change in the respective input. Dairy herd size was the main input influencing production, a finding consistent with several other papers that have a similar specification (e.g., Bravo-Ureta and Rieger, 1991; Ahmad and Bravo-Ureta, 1995; Mukherjee et al., 2013; Key and Sneeringer, 2014) . Concentrate feed was the second most important input when unobserved heterogeneity was included (elasticities are around 0.12 in models 3 to 5). In contrast, when heterogeneity was ignored, expenditure on crops was the second most important input (elasticities are around 0.16 in models 1 and 2). These differences suggest that the treatment of heterogeneity in production frontier models deserves attention. The elasticity of labor in the pooled models was 3 times larger than in the others. Similarly, the coefficients for animal expenditures and capital depreciation were greater in the pooled models compared with the other 3. All models exhibited decreasing returns to scale ranging from 0.99 (model 1) to 0.93 (model 3).
We conducted a likelihood ratio test between model 1 and 2, and the results led to rejection of the hypothesis that the coefficients of the climatic variables are jointly zero. Thus, climatic variables should be included in the specification of the production frontier model. Turning to the models that included unobserved heterogeneity Log value of the conventional inputs. Standard deviation is presented below the estimated parameter. Mean value of regressors. †P < 0.10, *P < 0.05, **P < 0.01, ***P < 0.001. and climatic variables, we conducted a Hausman test of model 3 (TFE) versus model 4 (TRE) to examine the null hypothesis that unobserved heterogeneity is independent of the other explanatory variables. The results of this test did not reject the null hypothesis (Hausman test: Prob > chi2 = 0.594), which supports model 4, where unobserved heterogeneity is assumed to be uncorrelated with the other regressors; thus, model 5 (TRE-M) becomes redundant. Moreover, 5 of the 6 coefficients for the group mean regressors were not statistically significant at the 0.05 level or less. Therefore, the discussion that follows is based on model 4. Table 4 shows the average annual TE estimated from each model. Average TE for model 4, which was the chosen model, was high, at 92.07%, compared with the results reported in the meta-analyses by Bravo-Ureta et al. (2007) and Moreira and Bravo-Ureta (2010) . This number is also higher than the 88% TE estimated by Cabrera et al. (2010) using a sample of 273 dairy farms in Wisconsin. Average TE for models 3 to 5 were higher than for models 1 and 2, which is consistent with the fact that the former models separate farm heterogeneity from the TE term. Moreover, this comparison suggests that ignoring heterogeneity between farms may lead to biased estimates.
TE
Estimated Climatic Effects
The analysis of the climatic effects is the centerpiece of this paper. According to the results of model 4 displayed in Table 3 , an increase in spring and winter temperature had a positive effect on output whereas the opposite was noted in summer and autumn. A higher value of precipitation has a significantly negative effect on output in both spring and winter. Specifically, a one-unit increase in temperature (1°C) led to a 4.52% reduction in output in summer and to a 3.04% reduction in autumn. By contrast, a 1°C increase led to an output rise equal to 0.8% in spring and 1.8% in winter. Precipitation in summer and in autumn did not have a significant effect on dairy output. However, a 1-cm increase in precipitation in spring led to a 0.62% reduction in output. Precipitation in winter is also harmful, where a 1-cm increase led to a 1.6% reduction in output. Table 5 presents the annual average CEI based on equations [2] through [4] . We first computed the CEI terms for each farm i at time t and then aggregated these values to obtain average annual CEI. In the first column, CEI values exhibit a decreasing trend from 1996 to 2012, which implied that climatic conditions for dairy farming in Wisconsin have worsened over that period. The values of CEIT are lower than CEIP, which indicates that temperature had a larger negative effect than precipitation. Regarding the seasonal dimension, the analysis showed negative average effects on production in summer, autumn, and winter (CEISUM = 0.41; CEIAUT = 0.85; CEIWIN = 0.87), whereas the effect in spring was positive (CEISPR = 1.03). The climatic effect in summer was worse than in autumn and winter. Estimated output over the 17-yr period studied was calculated using equation [5] , and the results are presented in Figure 5 . The estimated output showed wide variability and a slight negative trend over time, indicating that climatic effects have gradually led to declines in output holding all else constant.
Scenario Analysis
Now we turn to the expected effects of alternative projections of future climate change on output. To do this, we simulated the path of output growth under 2 IPCC climatic scenarios over the period from 2020 to 2039, using 2012 as the baseline, and assuming the value of inputs and the time trend are fixed at 2012 levels. The CEI was calculated based on equation [2] . The baseline output was equivalent to the actual average output in 2012, whereas the predicted output was calculated using equation [6] . Again, the data revealed a slight negative trend in future milk production. Then, given the projected values for temperature and precipitation based on the CMT and HA2 scenarios, we calculated the CEI and then projected output for the period 2020 to 2039. The results are shown in Table 6 .
Under the 2 IPCC scenarios, most of the predicted output values were lower than the baseline (except for years 2020, 2028, 2029, and 2035) , which means that climatic conditions for dairy production would worsen in the future. On average, the CEI value in the CMT scenario (average CEI = 0.295) was higher than the HA2 scenario (average CEI = 0.275) suggesting, as would be expected, that more extreme climate change would be more harmful to dairy production compared with a more moderate scenario. Under the CMT scenario, the highest value of CEI was 0.33 in the year 2029 and the lowest was 0.26 in 2030. Thus, the best climatic condition would happen in 2029 and the worst in 2030 if climate change is moderate. Under the HA2 scenario, the highest value of CEI is 0.32 in the year 2028, and the lowest is 0.23 in 2035. Thus, if climate change is more severe, the best climatic conditions will occur in 2028 and the worst is in 2035.
Output was expected to vary considerably with climate change. In the near future, on average, climate change would lead to a decrease in dairy output equal to 4.53% under the CMT scenario and to 10.98% under the HA2 scenario. Under the CMT scenario, better conditions in 2020, 2028, 2029, and 2035 would increase output between 0.34 and 5.12%. For the other years, output would vary between −16.35 and −0.98% compared with the baseline. For the HA2 scenario, climatic conditions would have a uniformly negative effect on output except for 2028, and the output fluctuation was Climatic effect index for precipitation.
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Climatic effect index for spring (April and May).
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Climatic effect index for summer (June through September).
6
Climatic effect index for autumn (October and November).
7
Climatic effect index for winter (December, January, February, and March).
8675 between −25.93 and −1.89%. The best year would be 2028, with a 3.42% increase in milk production. Thus, these results indicate that climate change would have a significant effect on future dairy production.
CONCLUSIONS
This paper contributes to the literature by introducing 8 climatic variables into alternative stochastic production frontier models to then derive measures of climatic effects. The results reveal that higher summer temperatures are harmful, warmer winters are beneficial, and higher precipitation is consistently deleterious for dairy production in Wisconsin. The results also suggest that, holding all other factors constant, a mild negative association exists between climatic effects and dairy farm output over the 17-yr period analyzed. A scenario analysis indicates that climate change can be expected to induce reductions in future dairy production. Thus, research and extension efforts are needed to promote suitable adaptation strategies. As is common in the economics literature, we assumed that the production frontier parameters remain constant during the forecast period, which could be a strong assumption. Thus, predicting the possible evolution of these parameters over time would be a valuable focus in future studies. 
